Abstract. For decades, dengue virus has been a cause of major public health concern in Costa Rica, due to its landscape and climatic conditions that favor the circumstances in which the vector, Aedes aegypti, thrives. The emergence and introduction throughout tropical and subtropical countries of the chikungunya virus, as of 2014, challenged Costa Rican health authorities to provide a correct diagnosis since it is also transmitted by the same vector and infected hosts may share similar symptoms. We study the 2015-2016 dengue and chikungunya outbreaks in Costa Rica while establishing how point estimates of epidemic parameters for both diseases compare to one another. Longitudinal weekly incidence reports of these outbreaks signal likely misdiagnosis of infected individuals: underreporting of chikungunya cases, while overreporting cases of dengue. Our comparative analysis is formulated with a single-outbreak deterministic model that features an undiagnosed class. Additionally, we also used a genetic algorithm in the context of weighted least squares to calculate point estimates of key model parameters and initial conditions, while formally quantifying misdiagnosis.
Introduction
Dengue and chikungunya are vector-borne diseases transmitted primarily by the mosquito Aedes (Ae.) aegypti, which has successfully invaded the vast majority of countries in the tropics and sub-tropics [6, 14] . Dengue affects approximately 100 million people annually [6] . The distribution of reported dengue and chikungunya cases has spread into countries with geographical features fostering favorable mosquito habitats like Costa Rica [17] . The chikungunya virus since it was introduced in the Americas in late 2013 has spread to forty five countries with more than 1.7 million unconfirmed cases [5] .
Costa Rica is located in Central America, it has a population of approximately 4.9 million and an area of 51, 100 sq. km [18] . The weather is tropical, which makes it ideal for the vectors (Ae. aegypti and Ae. albopictus) that transmit dengue and chikungunya virus. Dengue fever has reshaped public health policy in the country since it first emerged more than two decades ago [6] . The implementation of prevention and educational policies has increased over the years. Awareness of the disease is ample in most endemic areas of the country [18] .
More recently, another vector-borne disease has spread throughout the Americas. In 2014 the chikungunya virus, which is also transmitted by the Ae. aegypti mosquito, was introduced in Costa Rica. The disease is spreading rapidly and poses substantial challenges to health officials when conducting diagnosis. Costa Rica reported 145 cases in 2014, compared to 4, 912 reported cases in 2015 [18] .
In 2015 the chikungunya virus followed a similar trend to previous dengue outbreaks [18] . This is particularly important because the newly introduced virus, chikungunya, could be misdiagnosed as dengue due to the similarity of symptoms [5, 6] . This is critical for public health officials since correctly diagnosing the disease is vital for proper treatment. There are also studies that suggest that co-infection is possible between the viruses [7, 13] .
In this paper, we study and compare the dengue and chikungunya reported cases during 2015-2016 in Costa Rica. We explore the importance of undiagnosed cases, in part because the majority of cases are suspected of being asymptomatic or individuals who may show mild symptoms and do not go to a hospital for treatment [6] . We use a single outbreak deterministic model and fit the model with incidence data. We also compute point estimates of key parameters and initial conditions, while implementing global and local optimization algorithms within the context of a weighted least squares scheme. Figure 1 . Compartments of a deterministic single-outbreak model for a host-vector system. State variables are defined in text.
Mathematical Model
We introduce a single-outbreak deterministic model to fit data from the 2015-2016 dengue and chikungunya outbreaks in Costa Rica. There are five classes that describe the host dynamics: S h , susceptible hosts, E h , exposed hosts, U h , undiagnosed hosts, D h , diagnosed hosts, and R h , recovered hosts. Here, we assume that one can only be infected by one strain of the dengue virus. The state variables describing the vector dynamics are: S v , susceptible vectors, E v , exposed/latent vectors, and I v , infected vectors.
The model assumes homogeneous mixing, in other words, encounters among members of all classes are equally likely to occur without any preference. Such encounters without preference are in a sense equivalent to simple random sampling. The rate of change of each class with respect to time t is denoted by d/dt. The following system of nonlinear differential equations (rates of change) define the single-outbreak model that we propose here:
where
Previous dengue models focus on a more theoretical approach, including but limiting to, linear stability analysis, bifurcation analysis, next generation operators, etc, [12, 21, 19, 22, 23] . Additional studies that factor in climatological variables are [9, 10, 11] .
Because of the time scale typical of an outbreak, of nearly a year, we assume no births or deaths take place in the host population, hence, the population remains constant throughout the outbreak. On other hand, the vector population is also assumed to be constant, however, the number of births is set to match the number of deaths, thus reflecting the fast dynamics of the vector relative to the host population dynamics.
Transmission dynamics is assumed to be the same for both viruses, dengue and chikungunya. Hosts who are susceptible (S h ) can obtain the virus from an infected vector (I v ). Infection is considered here with two stages: latency (E h and E v ,), where hosts and vectors are unable to transmit the virus; and infectiousness, where the virus can be transmitted. Infectious vectors are part of the I v class. For the host population the infectious class is divided into: undiagnosed (U h ) and diagnosed (D h ). After going through these latter stages the host recovers (R h ). We assume permanent immunity for both viruses (dengue and chikungunya) and do not allow for reinfection.
Data and Methodology
The number of weekly reported counts (of laboratory and clinically diagnosed cases) of dengue and chikungunya during the 2015-2016 outbreak in Costa Rica were employed. seasonal and starts roughly when the rainy season begins (around week 16 of the calendar year). Although climate variability in the country is an important factor we do not address it in this study. Instead, we mostly consider the incidence data "anomalies"(in the context of misdiagnosis, i.e., measurement error) of the aforementioned outbreak. The onset of dengue and chikungunya symptoms resembles those of a simple cold or a mild to moderate flu infection. For example, headache, fatigue, and fever are common symptoms. Only when symptoms become severe it is then more reliable to distinguish between the two viruses.
The first well-known sign of an epidemic process during its initial stage is exponential growth. Despite the fact that Costa Rica has seen a number of large outbreaks in the last few years, during 2015 dengue cases display an abnormally high initial growth [18] . The left panel of Figure 3 displays x(t) = 10.3779e 0.1043t versus t together with the longitudinal observations of dengue cases, where it is confirmed that the initial growth obeys an exponential law. The calculation of this exponential function was derived from a linear regression model fitted to the incidence data in logarithmic scale, which had a value of the statistic R 2 = 0.9294. Thus, implying a linear model was remarkably well-suited to describe the number of cases in logarithmic scale, and then confirming the appropriate exponentially growing trend (of the incidence data) in regular scale. On the other hand, for chikungunya, the data does not follow exponential growth. The right panel of Figure 3 depicts longitudinal reported cases of chikungunya (circules) together with an exponential function (solid curve) that was also derived from a best fit regression line. Visual inspection easily confirms what the value of the statistic R 2 = 0.6365 quantifies: longitudinal cases of chikungunya are not appropriately described by exponentially growing trends. In summary, we have two scenarios: one overly optimistic case count for dengue with R 2 = 0.9294, likely due to overreporting; and another one where case counts are poorly exponentially growing with R 2 = 0.6365, failing to portray the most fundamental features of infectious diseases, but likely due to under reporting. Additionally, having R 2 = 0.6365 is the first signal of an anomaly with chikungunya cases in Costa Rica during the 2015-2016 outbreak. In fact, this raises the question about the possibility of misdiagnosis between the two viruses transmitted by the same vector (Ae. aegypti). Perhaps even more interesting is the behaviour of the reported cases of chikungunya. Between weeks 25-35, data shows relatively steady number of cases (see solid curve in Figure 2 ). The fact that chikungunya was recently introduced would suggest the population is mostly susceptible. However, early on 2015 we see that the disease takes off after week 35 and follows a similar trend as dengue with fewer cases being reported.
It is important to note that Costa Rican public health officials previously diagnosed dengue as the only disease transmitted by Ae. aegypti until late 2014. It is possible that some if not many cases were diagnosed as dengue instead of chikungunya due to the lack of familiarity of the recently introduced disease.
The vector θ = (β, δ, µ, S h (0), S v (0)) stores the unknown model parameters and initial conditions of the dynamical system for dengue disease. In the case of chikungunya, the parameter vector is defined as θ = (β, δ, S h (0), S v (0)). To estimate them, from longitudinal data, we consider a weighted least squares scheme where the incidence measurements at time points t k (for k = 1, . . . , n) define a random observation process, denoted as Y k . To take in account the measurement error and due to the integer-valued nature of the process, we assume that Y k behaves as a Poisson random variable where its mean is obtained as result of model output. More specifically,
where z(t k , θ) is the expected number of cases from t = t k−1 to t = t k , which is defined as
The observation process in equation (9) entails the evaluation of the model output at the true parameters, that is, θ = θ 0 . A realization of the observation process, Y k = y k , can be employed to solve the box-constrained minimization problem,
A solution of (11), referred to asθ, is an estimate and serves as an approximation of the the true parameter θ 0 . Several authors have used similar procedures to estimate the parameters of dynamical systems for other diseases, see for example [2, 9, 10, 21] , among others. We used two successive methods of optimization in order to obtain the estimatê θ: Genetic Algorithm [15, 24] and the quasi-Newton method L-BFGS-B [4] . The first algorithm provides an initial search on the parametric space, in order to skip possible local optima. The second algorithm takes as initial value the one obtained using GA and seeks to improve the search of the overall optimum.
Results
We analyzed the possible misdiagnosis in dengue and chikungunya weekly reported data using a single-outbreak deterministic model for the 2015-2016 outbreak in Costa Rica. Using a genetic algorithm and weighted ordinary least squares we fit dengue and chikungunya reported cases to compute point estimates of key model parameters and highlight the importance of initial conditions for the diseases to thrive in a mostly susceptible population. We do not report uncertainty quantification, i.e., neither confidence intervals nor uncertainty bounds are provided for each point estimate. Figure 4 depicts longitudinal observations and best fit curves for dengue and chikungunya. Between calendar weeks 20 and 30 the model prediction is lower than the reported cases of dengue. This coincides with the stagnation of chikungunya cases as seen in Figure 2 during the same time period. The point estimate of the transmission rate, β = 4.745, is within the observed range in previous studies [16] . The initial number of susceptible hosts, S h (0), and susceptible vectors, S v (0) were also estimated and appear reported in Table 1 .
Furthermore, the rate at which undiagnosed individuals become diagnosed, δ was estimated. The point estimate this parameter suggests that individuals are being diagnosed at a very fast rate for dengue, (δ = 275.979). Although, it is known that most dengue cases are asymptomatic and therefore go undiagnosed [8] , this point estimate suggests that data anomalies are likely and dengue cases were over reported in the 2015-2016 outbreak. For chikungunya the estimated rate of diagnosis, δ = 20.000, was much lower and hence, less individuals were diagnosed .
We also compare the model defined in equations (1)- (8) with a particular model obtained by putting together the groups D h and U h in a single compartment I h (the equations are not shown here). The statistical comparison was made through the AIC [2, 1] and BIC [3] scores, both widely used in the literature of model comparison (see [2] and references therein). Both measures employ the assumption of Poisson-distributed data in this particular application, since the likelihood in their respective formulas is evaluated in the point estimates obtained in the optimization process (see Table 1 ). It is important to note that the BIC measure penalizes those models with a large number of parameters, in order to guarantee the choice of parsimonious alternatives. A summary of the information criteria scores is given in Table 2 . Table 1 . Model parameters and initial conditions. Units are in weeks. Known values are used to fix some parameters and initial conditions. Unknown quantities are considered active parameters in the optimization. Lower and upper bounds of epidemiological parameters are set in accordance to [16] , they are employed here to define feasible ranges. Point estimates only, without uncertainty quantification, are reported here. N/A stands for "it does not apply". 
N/A 1, 000, 000-2, 000, 000 1, 740, 058.000
N/A 1, 000-50, 000 1, 167.000 Figure 5 explores the question: would it be possible that the number of cases of dengue scales as a multiple of the chikungunya cases? The left panel displays the best fit plots over a time scale from week 0 to 60, since this is a simulated scenarios the time window was chosen as such for better resolution. The ratio of dengue divided by chikungunya cases, as predicted by best fit curves, is depicted in the middle panel of Figure 5 . Each value of this ratio is considered as a sample and such samples have a mean and median equal to 2.230 and 2.098, respectively (see right panel of Figure 5 ). Therefore, this question is answered by saying that on average z D (t) = 2.230z C (t), i.e., chikungunya cases z C (t) scaled up by a factor of 2.230 to match dengue cases z D (t).
Discussion
We used a single-outbreak deterministic model to estimate parameters using reported weekly cases for the dengue and chikungunya viruses from the 2015-2016 outbreak in Costa
Rica. The reported data shows atypical behaviour where the dengue cases grows exponentially fast, (see Figures 2-3) , during the first 30 weeks of the season. This behaviour is unusual not due to the number of reported cases but rather that the chikungunya virus was present throughout the 2015 outbreak. This has been a challenge for public health officials mainly because throughout the last 20 years the vector Ae. aegypti was only transmitting dengue in the region. Once another disease transmitted by the same vector is introduced this makes the process of diagnosing patients very difficult. Most cases are clinically diagnosed since symptoms for both diseases are similar it is a challenge to determine which disease the individual may be infected with. Laboratory diagnosed cases are expensive and are the least of the reported cases.
Based on the point estimates obtained from fitting the model to incidence data, we can conclude that it is likely that dengue cases were misdiagnosed and chikungunya cases were under reported in the 2015-2016 outbreak. As the disease was introduced in the country and public health officials were unaware of the disease and the similarity of symptoms between the two viruses, this can possibly lead to a misdiagnosis.
The information criteria scores that we computed in Table 2 confirm that the compartments U h (infectious and undiagnosed) and D h (infectious and diagnosed) are well-suited for the dataset Chikungunya. This is the dataset with poor quality and anomalies, and in such case the need of an undiagnosed compartment pays off (better score). In a way these scores are reminiscent of the R 2 statistic in classical linear regression analysis. On the other hand, the dataset Dengue has more quality (no expected anomalies) and in such case one compartment suffices to describe the data. In other words, there is no need to increase the complexity of the model.
In conclusion, our results show that misdiagnosis of cases can have a major impact on the long term dynamics of dengue and chikungunya. Our model highlights the importance of undiagnosed cases in a dengue/chikungunya outbreak as well as the importance of epidemiological surveillance and correct diagnosis. Routine detection of each virus in both vectors and hosts will be valuable in order to prevent major outbreaks and gauge the severity of the response that is required to combat any potential outbreak.
